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Abstract

Scholars deploy census-based measures of neighborhood context throughout the social sciences
and epidemiology. Decades of research confirm that variation in how individuals are aggregated
into geographic units to create variables that control for social, economic or political contexts can
dramatically alter analyses. While most researchers are aware of the problem, they have lacked the
tools to determine its magnitude in the literature and in their own projects. By using confidential
access to the complete 2010 U.S. Decennial Census, we are able to construct—for all persons in
the US—individual-specific contexts, which we group according to the Census-assigned block,
block group, and tract. We compare these individual-specific measures to the published statistics
at each scale, and we then determine the magnitude of variation in context for an individual with
respect to the published measures using a simple statistic, the standard deviation of individual
context (SDIC). For three key measures (percent Black, percent Hispanic, and Entropy—a measure
of ethno-racial diversity), we find that block-level Census statistics frequently do not capture the
actual context of individuals within them. More problematic, we uncover systematic spatial
patterns in the contextual variables at all three scales. Finally, we show that within-unit variation
is greater in some parts of the country than in others. We publish county-level estimates of the
SDIC statistics that enable scholars to assess whether mis-specification in context variables is
likely to alter analytic findings when measured at any of the three common Census units.
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Introduction

The ‘ecological fallacy’ occurs when correlations between measures based on aggregate
data do not apply to the individuals within the aggregating unit. Robinson famously
demonstrated this problem using examples of race and nativity status correlated with illiteracy
(2). His argument pushed many areas of social science research towards studies based on
individual-level data and, according to Firebaugh, led to major shifts in approaches to social
science research that continue to the present day (2, 3). An analogous problem arises, however,
when scholars fail to recognize that individuals operate within social, political, geographic, and
economic contexts that shape a wide range of outcomes from economic opportunity to health.?
New multi-level methods combined with a ‘spatial turn’ in several of the social sciences mean
that contextual effects are integral to a wide range of research agendas. The interdisciplinary
literature on neighborhood effects (4—10) represents just one of many lines of inquiry that rely
heavily on contextual variables.

This paper examines what we refer to as the contextual fallacy: the assumption that a
contextual variable defined for a population within some unit of observation adequately
reflects the experience of all individuals residing within that unit. To illustrate, we offer two
examples:

Valid: A measure of the generosity of state-provided welfare benefits to characterize
the effects on individuals of a social safety net. In this example, an individual’s home
address conditions the form and quantity of benefit available, so the context of
potential safety-net generosity only varies between households in different states. An
individual living in the center of the state or in its largest city has, in principle at least,
exactly the same access to benefits as an individual living just within the state border
or in a rural part of the state.

Problematic: A measure of racial segregation defined for metropolitan regions to
characterize the effects on individuals of local race relations. In this example,
individuals within the same metropolitan area may experience a wide range of
residential sorting outcomes, from segregated to diverse, depending on where they
live within a single metropolitan region. In this case the aggregating unit is poorly
suited to the context it is meant to represent and hides considerable variation in
experience for individuals within the metropolitan area. It is even possible that the
metropolitan average does not fit a single individual within the region.

Lin reaction to Robinson and the resulting over-emphasis on individual characteristics as
determinative of outcomes, the failure to acknowledge these contextual effects is sometimes
referred to as the ‘individual’ or ‘atomistic’ fallacy c.f. (3, 10)



The problem identified in the preceding examples can be solved by selecting appropriate units
of aggregation. However, for many social science questions the context of interest may not
have definite borders, as in the case of neighborhoods (11, 12), or labor markets (13, 14).

The contextual fallacy is related to Robinson’s work on the ecological fallacy, but is more
accurately identified as a near relative of the Modifiable Areal Unit Problem (MAUP , 15-17).
The MAUP and the problem of choosing appropriate aggregating units has a long history in the
literature predating even Robinson’s ecological fallacy by at least 15 years. MAUP, was first
recognized in a 1934 study by Gehlke and Biehl (18), and has since been well-documented in a
range of studies (19-23). The term MAUP encompasses two closely related issues: zoning and
scale (16). Zoning refers to dividing an area into the same number of units in different sizes,
shapes, and configurations. Scale refers to changes in the number of units in an area. Changes
of both types can influence observed relationships and require analysts to think carefully about
the areal units for representing context. Fotheringham and Wong, for example, tested Census
block groups and tracts to represent different zoning possibilities and different contextual
scales in Buffalo, New York. They conclude that in the case of multivariate analysis “[c]alibration
results from one set of areal units are highly suspect and should not be relied upon to draw any
substantive conclusions about the underlying relationships being examined” (16).

Zoning and scale produce different problems with respect to how they influence
contextual variables. With respect to scale, units that are too large may mis-specify context by
missing important within-unit variation or by combining regions of two or more types together
to produce an average value that describes neither component region (24, 25). Conversely,
units that are too small may mis-specify context by including local variation that is not
meaningfully experienced by residents of a particular context—in some circumstances, the
effect may even be entirely missed by the analysis. Small aggregating units have a related
problem of being highly sensitive to where boundaries are drawn; the typically smaller
populations mean that the inclusion or exclusion of just a few individuals can alter the reported
context significantly. In the absence of an administratively meaningful unit of observation,
analysts are faced with a difficult task of finding units that are small enough to pick up variation
in context, but large enough to avoid meaningless variation. Researchers, who rarely have
control over where and how aggregating unit boundaries are drawn, must simply hope that the
available data do not break up or combine meaningful contexts leaving them with variables that
do not match the experience they hope to model. When contexts are inevitably somewhat mis-
specified then researchers also must hope that whatever variance arises from the definition of
boundaries is random rather than geographically systematic (26).

MAUP is a particular problem if a relevant variable varies across geographic areas. In a
broadly homogenous population, choices related to scale or zoning may have little effect on
contextual variables, but in the presence of a heterogeneous population these choices may
have substantial effects. For example, when considering percent foreign born as a contextual
variable in the study of individual views on immigration (27), the choice to use zip codes or



census tracts as an aggregating unit may have little effect on the value assigned to context in
the absence of a substantial foreign born population. When immigrant populations are large
and/or clustered in space, however, the potential for error is considerable. Even the scale at
which similar population sorting processes operate can vary, as Johnston and co-authors have
shown with respect to populations with different ancestry in London and Sydney (28, 29). If
sorting occurs at different scales in different parts of a study region, then variation in the
quality of the specification of context will not only impact research results, but also introduce
systematic geographic bias as well.

Ultimately, MAUP makes assigning an appropriate context impossible in the absence of
some administratively meaningful boundary, but it is possible to estimate the magnitude of
effects and their potential impact on results. From Robinson, the idea of a contextual fallacy
implies that individuals within the same aggregating unit may experience different contexts. A
value capturing the degree to which individual context varies within a unit conveys the degree
to which the zoning and scale choices underlying a given set of observations are likely to affect
the context that is ultimately assigned to individuals. Where there is little variation across
individuals within an observation, MAUP is probably not an important issue; where individual
context varies, MAUP may be quite significant.

The contribution of this paper is to quantify the degree to which individual experience
varies within common aggregating units often used to represent individual context in the
United States. We propose a simple measure; the standard deviation of individual context (SDIC
hereafter), that compares the local environment of individuals to the context assigned to them.
It thereby captures the degree to which a given contextual value is a good fit for the individuals
to which it is assigned. While the measure itself is straightforward, most scholars lack access to
individual-level data from the U.S. Census. We compute an SDIC, therefore, for three Census
geographies (the block, block group, and tract) and for three common contextual variables
(percent Black, percent Hispanic, and Entropy). Strict Census rules to insure individual privacy
protection appropriately prohibit release of these small-area values, but allow county-level
averages that can be used to test the degree to which the contextual fallacy may condition
outcomes.

We find sizeable differences in the level of variation between block and block group
measures, but little change when moving between block groups and tracts. We find systematic
spatial variation across U.S. regions with the highest variation present in places with high
percentages of the population being treated as context (e.g. Hispanics in the Southwest and
Blacks in the South). The uneven geographic variation in SDIC indicates that these contextual
variables have the potential to introduce an uneven spatial process into results when the
contextual fallacy is not considered.



Data

The results presented here are derived from nearly all of the 308,745,538 individual
responses to the 2010 U.S. Decennial Census with each response matched to latitude and
longitude coordinates assigned to place of residence. We code each individual into one of five
ethno-racial categories: Non-Hispanic White, Non-Hispanic Black, Non-Hispanic Asian, Hispanic,
and Non-Hispanic Other (White, Black, Asian, Hispanic, and Other hereafter). Other contains
Non-Hispanic individuals self-identifying as Native American, Pacific Islander or “other” race as
well as individuals identifying as two or more races. Each individual is further associated with
the Census block, block group, and tract to which they were assigned for the publicly available
2010 tabulations.

The data were made available within the secure Census Federal Statistical Research
Data Center (RDC) environment where their use is constrained to protect the privacy of
individual responses. Consequently, we cannot release publicly the exact numbers of
individuals used in the analysis, although we can confirm that the sample used exceeds 95% of
the population. We have omitted the small number of individuals for whom no coordinates are
reported, and we follow common practice in the literature on residential sorting by omitting
individuals living in group quarters. The results presented below are aggregated in a variety of
ways to protect individual privacy. The complete tract, block group, and block level results are
only available to researchers within the protected context of the RDC, although the Census
Bureau has determined no disclosure risk from a small subset of tract measures (with tracts
having fewer than 100 residents omitted entirely) and for the data aggregated to the county
level. The county-level SDIC scores represent the population-weighted average SDIC for all units
within a county.

Results

For this analysis we create egocentric neighborhoods centered on each individual in the
US (30) as a measure of individual context that can be used as a point of comparison to
determine the variation from publicly available tabulations for Census geographies like the
block or tract. We refer to these publicly available values hereafter as the unit context to
generalize our comparison to any Census aggregating unit. Specifically, for any individual i/, the
individual context for variable a is defined with reference to the k nearest neighbors of j in
Euclidean space. Thus, aikfor percent Black would refer to the share of i's k neighbors who self-
identified as Black in the Census. The individual context is defined relative to a specific unit
context so that k equals the number of individuals tabulated in the unit context. Consequently,
aik defining the individual context at the block level for an individual living in a block with 50
residents would be based on the proportion of individual i's 50 nearest neighbors whether or
not they resided in the same block as i.

Figure 1 uses 250 points assigned to be either Black or White to illustrate the concepts
of unit context and individual context. In panel A, all points are randomly assigned a race and



location. Fifty-four individuals highlighted in green are located inside the polygon, thirty of
those individuals are Black yielding a unit context for percent Black in the polygon a. = 30/54
=56%. Note that this unit context measure applies to all of the points highlighted in green
regardless of where they fall within the polygon. In panel B the fifty-four nearest neighbors of
the individual j denoted by V are highlighted in blue. Twenty-eight of these individuals are
Black giving an individual context for percent Black aic = 28/54 = 52%. Panel C shows
interpolated values for aic for the random data used in panels A and B. Panel D extends the
example by introducing a population that is not randomly placed but structured so that black
individuals are slightly more likely to appear to the left of the study region with Whites slightly
more likely to appear more to the right. In Panel C aj. varies by +/- 10% around a. within the
polygon. In Panel D, with just a small amount of spatial sorting introduced, aic varies by +/-25%
depending on where in the polygon it is measured.



Figure 1: Worked example of the variation in individual context for a single aggregating unit with
randomly assigned individuals. (A) individuals who compose the unit context for the polygon, (B
J)individuals who constitute the individual context for the individual denoted by V, (C) variation in
individual context using same points as in panels A and B, (D) variation in individual context when points
are assigned a racial category with spatial clustering.

Table 1 provides a summary for the entire U.S. of the extent of variation in individual
experience for three key measures at three important Census geographies. The table contains
some very specific answers to basic questions about the magnitude of the contextual fallacy as
a problem with respect to zoning. When conducting tract-level analyses, on average only 5.7%
and 4.2% of individuals vary by more than 10% from the value for Percent Black and Percent
Hispanic assigned to their tract, and less than 1% of the population vary from the unit value by
more than 25% in both cases. The contextual fallacy is a greater concern in analyses of Entropy,
i.e., population diversity, where within-tract variation of 10 points or more typically occurs for
11% of the population although only 1% of the population live in a context that is 25 points
more or less diverse than the contextual value to which they would normally be assigned.



Table 1 also suggests some striking properties with respect to variation and scale. The
move from tract to block group represents a significant shrinking in the number of neighbors
included in a context, but is associated with almost no change in the percentages shown in
Table 1. In contrast, the move to a block-level context, which constitutes another reduction in
the number of neighbors, radically increases the number of individuals who experience a
context dramatically different from the one to which they are assigned in the Census. From this
table it appears that the individual context may vary too much at the block level to make blocks
a good unit of observation for these contextual variables at this scale. In contrast, the small
difference between tracts and block groups indicates on the one hand that tracts are probably
not over-generalizing context by grouping dissimilar contexts together; on the other hand,
block groups will give a finer geographic resolution without succumbing to the excessive
variation plaguing blocks. The fact that over 9% of the population varies by at least 25 points
from their block level entropy score seems to indicate that this measure should not be used as
a contextual variable with block-level observations.

Table 1: Variation in individual experience with respect to reported context variable values

Percent of individuals who differ from the unit measure by at least
10% 25%
Tract Block Group Block | Tract Block Group Block
Percent Black 5.7 5.1 10 0.8 0.8 2.1
Percent Hispanic 4.2 4.0 14.5 0.4 0.4 2.9
Entropy 11.0 10.9 36.0 1.1 1.0 9.4

Percentages based on complete sample of U.S. 2010 Decennial Census respondents living in administrative units containing at
least 10 individuals. Number of units suppressed to meet Census privacy requirements

Table 1 is informative in describing the magnitude and structure of the contextual
fallacy, but to be useful to researchers it is important to generate a measure that will permit
them to test whether or not the contextual fallacy has the potential to alter their substantive
findings. To this end we further propose the standard deviation of individual context (SDIC),
represented here by sigma (o). For our analysis we calculate sigma for every block, block group,
and tract in the 2010 Census. Sigma is defined for a specific unit context ¢ (a block, block group,
or tract) and contextual variable a (percent Black, percent Hispanic, and Entropy?) and captures
the degree to which individual context varies from unit context for all of the individuals who

2 We follow Reardon and Firebaugh (32) in defining Entropy for our five ethno-racial categories as:
M
E= @ V4 |n(1/72' ))/ In(M) where m denotes one of our five ethno-racial categories, 1_is the
m=1""Mm m m
proportion of the total population in category m, and In refers to the natural log with ]n(l/nm) treated as 0 when

T equals 0. By scaling our entropy values by In(M), we constrain the range of £ from 0 to 1. When E equals 1,

diversity is maximized: all ethno-racial groups are identical in size. A zero value, on the other hand, indicates the
absence of diversity (homogeneity) such that all residents belong to the same group.



reside in a specific unit. For any contextual variable a., for census unit c composed of k
individuals i, oac is defined as:

ie c(aik —ag)?
Oqc= k

Figure 2 illustrates how SDIC varies at the tract level for the region in and around the
City of Seattle.? In some areas, census tract boundaries create few issues with respect to the
contextual fallacy. Specifically, individuals in the predominantly white tracts of North Seattle
are well matched to their census tract contexts with respect to Percent Black and Percent
Hispanic. This is also true of similar areas just to the east of the City of Seattle on Mercer Island
and along the eastern shore of Lake Washington. In other parts of the region, however, SDIC
increases substantially: exceeding 15% for some tracts. Because SDIC is a measure of standard
deviation, a value of 15% indicates that roughly a third of the population has a mis-specified
context of 15% or more. Values of SDIC with respect to entropy (Figure 2C) vary more but do so
in the Seattle case with less evidence of clustering in space.

3 For privacy protection Census will not release tract-level measures of sigma for tracts with fewer than 100
people. Seattle was chosen as an example because it is well known to the researchers and could therefore be
interpreted with greater accuracy, it has no special properties with respect to sigma in other respects.
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Figure 2Tract-level SDIC for three contextual variables: A) Percent Black, B) Percent Hispanic, and C)
Entropy. City of Seattle and surrounding area. Service layer credits: ESRI, HERE, DeLorme, Mapmylndia,
© OpenStreetMap contributors, and the GIS user community
Turning to county averages of SDIC for the entire nation, which are available at <URL to
be added>, Figure 3 maps the county averages for tract-level SDIC across our three contextual
variables. Figures 3A and 3B notably indicate that, for large portions of the U.S., average tract-



level SDIC is not very high. The maps also indicate that the average values presented in Table 1
mask the comparatively high SDIC in places with significant populations of Blacks and Hispanics.
The unevenness in variation from unit context indicates that contextual effects would be
measured with uneven quality for national-level analysis and introduces systematic geographic
variation in measure quality. In multivariate analysis, in which variables for both percent
Hispanic and percent Black might be employed, the regional variation in measure quality could
have complicated interaction effects in places like North Carolina where moderate values of
SDIC are present on both measures. In contrast to Panels 3A and 3B, Panel 3C shows that there
is no geographic pattern for variation in Entropy (similar to Seattle), but that the average SDIC is
considerably higher for Entropy than it is for percent Black and percent Hispanic. This suggests
that tract level Entropy measures may not introduce systematic spatial problems into analyses,
but that moderate variance is present in most of the country.

A B

County Average
of Tract SDIC
0-1
2-5
I 6-10
B 11-25
B 25+

Figure 3: County average tract-level sigma for three contextual variables. (A) Percent Black, (B) Percent
Hispanic, and (C) Entropy. Service layer credits: ESRI, HERE, DeLorme, Mapmyindia, © OpenStreetMap
contributors, and the GIS user community

Using SDIC

The SDIC can help determine whether the contextual fallacy plays a significant role in
shaping outcomes in a given analysis. The SDIC is an indicator of potential problems related to
the contextual fallacy, but its significance with respect to a specific research question will



depend on a number of factors including the study area, strength of effect, number of variables
and structure of the analysis. The SDIC will not be useful for some complicated modeling
strategies, but its application to linear regression is relatively straightforward. Because it
represents a standard deviation, the SDIC can be used with linear regression in conjunction with
methods quite similar to those used for multiple imputation of missing data (31). Using the
published unit value for a given block, block group, or tract as the mean and the scale-
appropriate SDIC as the standard deviation it is possible to generate multiple sets of synthetic
data. These synthetic data can then be analyzed and the results of these multiple analyses
pooled to determine the effect of the contextual fallacy on results. If more than one of the
contextual variables defined here is included in a model, then tests will have to be run
separately to avoid issues associated with sampling in the context of covariance.

The block, block group, and tract-level SDIC measures are available for every geography
in the United States within the secure environment of the RDC, conditional of course on Census
approval to use those data. The values mapped in Figure 3 (and their equivalents for blocks and
block groups) are available from <URL to be added> and represent the average SDIC across all
subunits in a county. While not as exact as the unit-level measures of SDIC, these values can
help researchers assess whether the contextual fallacy has the capacity to alter their
substantive findings To facilitate the implementation of this method, a worked example using
the open-source software program R is distributed in conjunction with the SDIC values at the
above web site.

Conclusion

Context matters for a host of social science research questions, but poses issues of
measurement error for scholars. The definition of boundaries for relevant populations and
their sorting in space can profoundly shape the context as experienced by any given individual.
A remedy for this problem is unattainable because no delineation will perfectly capture the
context for all individuals. However, scholars can estimate the degree to which contextual
variables may be mis-specified in their analysis to assess potential effects on their substantive
results. Based on individual responses to the 2010 U.S. Decennial Census, the standard
deviation of individual context provides the means to undertake these tests. Its uneven
distribution in space for both percent Black and percent Hispanic suggests that it may be useful
in detecting systematic geographic error in findings. Further applications of the SDIC will be
necessary to determine thresholds at which variation in individual context is high enough to
impact analytic results. Moreover, differences between tract, block group, and block-level
measures of SDIC could be employed as a means to better understand the effect of using these
geographic units to aggregate populations into a measure of context.
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Figure Legends

Figure 1: Worked example of the variation in individual context for a single aggregating unit
with randomly assigned individuals. (A) individuals who compose the unit context for the
polygon, (B )individuals who constitute the individual context for the individual denoted byV,



(C) variation in individual context using same points as in panels A and B, (D) variation in
individual context when points are assigned a racial category with spatial clustering.

Figure 2 Tract-level SDIC for three contextual variables: A) Percent Black, B) Percent Hispanic,
and C) Entropy. City of Seattle and surrounding area. Service layer credits: ESRI, HERE,
Delorme, Mapmylndia, © OpenStreetMap contributors, and the GIS user community

Figure 3: County average tract-level sigma for three contextual variables. (A) Percent Black, (B)
Percent Hispanic, and (C) Entropy. Service layer credits: ESRI, HERE, DeLorme, Mapmylndia, ©
OpenStreetMap contributors, and the GIS user community



